Abstract. Single Point Incremental Forming (SPIF) is a relatively new process that has been recently used to manufacture medical grade titanium sheets for implant devices. However, one limitation of the SPIF process may be characterized by dimensional inaccuracies of the final part as compared with the original designed part model. Elimination of these inaccuracies is critical to forming medical implants to meet required tolerances. In this study, a set of basic geometric shapes were formed using SPIF to characterize the dimensional inaccuracies of grade 1 titanium sheet parts. Response surface functions are then generated to model the deviations at individual vertices of the STL model of the part as a function of geometric shape parameters such as curvature, depth, wall angle, etc. The generated response functions are further used to predict dimensional deviations in a specific clinical implant case. The predicted deviations show a reasonable match with the actual formed shape and are used to generate optimized tool paths for minimized shape and dimensional inaccuracy. Further, an implant part is then made using the accuracy characterization functions for improved accuracy. The results show an improvement in shape and dimensional accuracy of incrementally formed titanium medical implants.
Introduction
Titanium is the material of choice in Class III medical implants due to its biological inertness, strength, lightweight nature, bio-compatibility and low cost production [1] . Forming titanium into desired implant shapes within a specific time-frame is therefore of fundamental importance to clinical practice. To enable this, one relatively new manufacturing technique that has come forth is Incremental Sheet Forming (ISF). A number of efforts have been made to manufacture implants and supports for different parts of the human body such as the skull [2] [3] [4] [5] , knee [6] , face [7] , ankle support [8] .
Despite a number of efforts to make medical implant shapes using SPIF, making these parts with high accuracy has been a problem. Specifically, no definite characterization of titanium implants made MATEC Web of Conferences by SPIF is currently available. Some accuracy characterization techniques are available. These include the use of Multivariate Adaptive Regression Splines (MARS) within a feature based framework for predicting the behavior of simple features and feature interactions [9] and a local geometry matrix to predict springback [10] . However, these works did not provide any methods for predicting inaccuracy in freeform implant shapes. Furthermore, titanium is a material not covered by current accuracy models.
To overcome the limitations of the current accuracy characterization techniques, an effort is made in this work to generate accuracy response surfaces for freeform shapes. This is done by studying the accuracy behavior of ellipsoidal shapes formed using SPIF. The major and minor axes of the ellipsoids are used as parameters in the characterization models generated using MARS. These models are then used to predict accuracy behavior of new implant geometries and the predicted behavior is then used to compensate the parts.
Accuracy characterization methodology
The accuracy of a part formed by incremental forming is typically determined by measuring the same with metrology tools such as a laser scanner or a coordinate measuring machine. After carrying out this measurement, a point cloud representing the part can be generated and this point cloud can be meshed and then compared with a mesh representing a nominal model obtained from the computer aided design (CAD) model of the part. The measurement process with a point cloud gives the coordinates of the formed part, which is a large data set, often as high as 100,000 -500,000 points for a single part. Hence, the deviations with respect to the CAD model, also form a large dataset. These deviations can thus be modeled as function of geometrical parameters for points on the surface of the nominal model. However, to do this, a robust, statistical tool for high dimensional data is needed.
Some tools that are currently available and used in modeling of high dimensional data include Generalized Additive Models (GAM), Multivariate Adaptive Regression Splines (MARS), Minimax Probability Machine Regression (MPMR) and Least Square Support Vector Machine (LSSVM) [11] . Of these, MARS has already been used to generate models of accuracy behavior in planar and ruled features made with specific materials such as AA 3103 and DC01 [12] . This technique was also applied in the current study.
In this study, MARS models are generated as a sum of basis spline functions which are chosen using a forward pass and backward pruning step. The basis functions take one of three forms: a) constant b) hinge functions of the type max(0, x-k) or max(0, k-x) where k is constant called the "knot" c) product of hinge functions. To generate the MARS models, accuracy data is linked to geoemterical and process parameters for individual points on the CAD model of the part and then fed to a statistical package "Earth", available within the software "R" [13] . It was important to find out suitable parameters to characterize the accuracy, and this is described in Sect. 2.1.
Model parameters
To build regression models, we need to select geometric and process related variables that potentially affect the accuracy behaviour of the formed part. In prior work for planar and ruled features, it has been shown that the distance to the feature borders affects the accuracy behaviour [13] . In the case of freeform features, the obvious problem is the lack of a generic defining distance in the horizontal plane of the backing plate as freeform surfaces do not have an immediately obvious symmetry and as such a defining distance can be problematic in characterizing the accuracy. However, when we consider the case of a cranial implant, we observe that the shape of the implant can be thought of as being close to that of an ellipsoid (Fig. 1 ), characterized by a major axis and minor axis. This observation was further supplemented by experimental results, discussed later in Sect. 3, which showed that the accuracy in the direction of the major axis was different from the accuracy in the direction of the minor axis at a specific 04014-p. 2 ICNFT 2015 cross-sectional depth. It may also be noted that for ruled features, the maximum principal curvature is a model parameter, while the minimum principal curvature is zero. In freeform surfaces, both principal curvatures have a finite value and hence, both can be included as parameters in the modelling.
The following parameters are thus used to predict the 3D deviation from the CAD model at a point: 
Experimental details
A hemispherical tool of radius 5 mm was used for all the tests along with a feedrate of 2 m/min. A soft low melting-point paste lubricant, Rocol RTD Compound, was applied during the process. Four ellipsoids were used for training the models with major and minor axis diameters 110 × 60, 110 × 70, 110 × 90 and 90 × 60 (all dimensions in mm). All parts were made in grade 1 titanium alloy of thickness 0.5 mm. A backing plate with an elliptical cross-section corresponding to the dimensions of the top contour of the part was used for each test. A contouring tool path with constant scallop height of 0.05 mm was used for forming the parts. The formed parts were unclamped and measured with a 3D coordinate measuring machine to generate point clouds representing the formed part shape. In the current work, the sheets used are thin and so the deformation on unclamping is significant. Hence, it is important to develop models for the net effect of deviations due to plastic deformation while forming and deviations due to unclamping.
Characterization results
The accuracies of the formed ellipsoids (shown in Fig. 2 ) are listed in Table 1 . It can be seen that changing the diameters of the major and minor axes affects the accuracy of the part. The smallest part shows the highest over forming. This can be attributed to the low wall angles in the part, which are usually responsible for over forming. The largest part with the highest wall angles (top contour of 110 mm × 90 mm) shows exclusively under forming. This is due to two reasons: a) ellipsoids are essentially positive curvature freeform surfaces and positive curvature tends to under form [14] , b) the biggest part has high wall angles in the initial forming steps and high wall angles in a positive curvature region are known to under form [14] ; this leads to the lower depths also showing under forming being a continuation of the top surface. The MARS model was trained with accuracy data from these tests resulting in the following model. 
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where, e = deviation at STL vertex and the remaining abbreviations are the same as in Sect. 2.1.
Benchmark validation test cases
Test geometries
The model generated in Eq. (1) was validated in two steps. First, it was tested against the training sets. Then, it was used to predict a new part, which is a cranial implant. The geometry of the cranial implant is shown in Fig. 3 .
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Model validation results
The results of the validation are presented in Table 2 . Here, the predicted model using Eq. (1) is compared with the actual formed part from experiments and the prediction error is thereby found. It is seen that the training test cases show a mean deviation close to zero, while the implant shows an error of −0.82 mm. The error in the prediction of the formed shape of the implant is [−1.0 mm,1.0 mm], which is not as good as the prediction for the ellipsoids. The reason for the slightly poor prediction is possibly that the ellipsoid is still not a perfect representation of the curvatures in the cranial plate and the major axis and minor axis dimensions obtained for the cranial plate are only an approximation of the material deformation in the case of an ellipsoid. However, it would be reasonable to say that the model in Eq. (1) is a good starting point for prediction of positive curvature freeform surfaces and this model can be improved further either by choosing different geometrical parameters for the model or using more training sets.
Compensation technique
The compensation of the parts is carried out by translating individual vertices in the nominal CAD model of the part normal to the part geometry by a magnitude equal to a compensation factor multiplied with the predicted deviation at the point. This follows the strategy outlined by Bambach et al. [15] . Three different compensation factors were tried out, 0.7, 1 and 1.3.
Accuracy of compensated implant
The results of the compensation are presented in Table 3 along with the result for a part made without compensation (compensation factor 0). It can be seen that the part with the best accuracy is realised with a compensation factor of 0.7. A color plot of the part accuracy and that of the uncompensated part is shown in Fig. 4 to illustrate the utility of using the model in Eq. (1) in forming parts with higher accuracy. It can be seen that with increasing compensation, the over forming in the part increases and the under forming decreases.
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Conclusions
In this study, a method to predict the accuracy behaviour of incrementally formed freeform titanium parts was developed. Multivariate Adaptive Regression Splines (MARS) were used to develop a model that predicts the accuracy. The models are based on four training sets formed as ellipsoids. The major and minor axes of the ellipsoid at the depth (z-axis) cross-section of individual points in the part are used as variables in the model. In addition, both maximum and minimum curvatures are used as predictors. The results show that the model is reliable in predicting ellipsoids from the training set, while the prediction accuracy deteriorates for a new part such as a cranial implant. Using the model, part compensation was carried out for a grade 1 titanium implant part and the accuracy of the formed part was seen to improve vis-à-vis the uncompensated part. Further studies can include improving the model with better predictors or a new prediction technique such as GAM, and incorporating a mixed model with curvatures from experiments with ruled surfaces.
